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Abstract- A transcription network is a large and complex 
network consisting of interacting elements that, over time, 
affect each other’s state. The dynamics of complex gene 
regulatory processes are difficult to understand using intuitive 
approaches alone. To overcome this problem, many research 
studies have been conducted for reconstructing gene regulatory 
networks (GRN). In this research study, we propose an 
algorithm for inferring the regulatory interactions from 
homozygous and heterozygous deletion data using a Gaussian 
model. Using simulated gene expression data on networks of 
known connectivity, we investigate the ability of the proposed 
algorithm to predict the presence of regulatory interactions 
between genes and the signed edges (activation or suppression). 
The algorithm is applied to network sizes of 10 genes and 50 
genes for two E.coli subgroups and three S.cerevisiae/ Yeast
subgroups. The predicted networks were evaluated on the 
basis of two scoring metrics, area under the ROC curve 
(AUROC) and area under the precision-recall curve (AUPR).
The algorithm has reconstructed the networks with a 
reasonably low error rate. Our AUPR and AUROC values are 
consistently higher than the other method compared in this 
study. The Gaussian model distinguishes real signals from 
random fluctuations using an iterative method. The analysis of 
the experiment results reveals that our method can reconstruct 
networks and predict signed edges with a wide range of 
network types, connectivity, and noise levels with a reasonable 
error rate. 
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I. INTRODUCTION 

Humans have thousands of genes that are similar to 
common fruit flies (Drosophila melanogaster). For that 
reason, flies are the key to understanding many human 
diseases. For more than a century, scientists have been using 
Drosophila melanogaster as a tool to better understand 
biological development. This work has fueled many major 
breakthroughs in finding drug targets for the treatment of 
human diseases, including cancer. However, understanding 
an organism like a fruit fly requires understanding the 
reconstruction of gene regulatory networks (GRN). GRNs 
can be viewed as the complex interactions of components in 
an organism.  A GRN consists of a set of DNA, RNA, 
proteins, and other molecules, and it describes the regulatory 

mechanisms among those components. As transcription 
networks involve many components connected through 
interconnected positive and negative feedback loops, an 
intuitive understanding of their dynamics is difficult to 
attain. Changes in these interactions due to perturbations and 
the stochastic nature of the transcription networks make them 
more difficult to infer. Consequently, computational methods 
for the modeling and simulation of transcription networks are 
indispensable. Reconstructing GRN is a challenge because 
the reconstruction is made from various sources of data that 
are always affected by noise.   

II. RELATED WORK

The research conducted by [8] applies a method that is 
similar to the method used in this research study; however, 
this study also combines that method with the ordinary 
differential equation (ODE) method. Over the last decade, 
numerous methods have been developed for the inference of 
regulatory networks from gene expression data. GRN has 
been modeled using directed graphs, Bayesian networks, 
Boolean networks, ordinary and partial differential 
equations, qualitative differential equations, stochastic 
equations, rule-based formalisms, Petri Net, neural network, 
circuit structural analysis, Particle Swarm Optimization, 
Gillespie’s stochastic simulation algorithm, and some novel 
approaches. Hybrid approaches can also be added to this list. 
In a hybrid approach, the researchers developed a novel 
method by incorporating more than one method. For GRN 
inference, different types of data have been used, such as 
time series gene expression data, time series perturbation 
data, protein and metabolite data, and deletion data. In this 
research, we propose a methodology to infer GRN using 
deletion data that added moderate additive Gaussian noise. 
Our work deals with a Gaussian model in which we seek to 
deduce directional connections in a network based on gene 
expression measurements. 

III. THE DATASETS AND THE METHOD

 There are several ways that GRN inference research has 
been used to generate artificial data [2]. For this research, 
we use datasets generated by Marbach et al. [3]. The data 
used in our prediction are based on networks with similar 
types of structural properties and regulatory dynamics that 
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occur in biological gene networks. By using an artificial 
data set, we will have a clearer view of the performance of 
the algorithm. We can also more effectively investigate the 
properties of the algorithm because it is possible to compare 
the learned models with the known regulatory system, 
which is usually infeasible or incomplete for real data. 

There are 5 sub-networks sizes of 10 genes and 5 sub-
networks of 50 genes represent E.coli and S.cerevisiae/ 
Yeast subgroups. The proposed algorithm is designed to fit 
all the groups and subgroups. The rational is that, in this 
way, it will be possible to assess how consistently a method 
predicts the topology in the independent networks of the 
same type and size. Each set of experiments involves an 
initial experimental condition (e.g., an environmental 
perturbation, such as a heat shock), which affects the 
expression levels of some genes that react to the condition. 
Auto-regulatory interactions are removed. Hence, there are 
no self-interactions in the artificial datasets. The datasets 
correspond to the mRNA concentration levels that one 
would obtain from gene expression data. The transcription 
and translation are modeled. However, the protein 
concentrations are not included in the provided datasets. The 
protein concentrations were not provided, as would be the 
case with experiments based purely on transcriptional data. 
The number of possible edges in an N-gene network (N is 
the number of genes) without auto-regulatory interactions is 
N (N – 1). Auto-regulatory edges were not expected in the 
predictions. Therefore, for the size 10 and 50 networks, the 
length of a complete list of predictions are 90 and 2450 
edges, respectively. 

We begin with an explanation of the problem by 
providing information on the data used in this research. 
Table I shows an example of the knock-out data of six 
genes, extracted from [3]. Given ���, a corresponds to the 
gene being knocked out and b corresponds to the gene of 
which the expression is measured. In a deletion dataset, a 
gene is deleted, and as shown in the other cells, the resulting 
expression level of each gene at steady state is measured. 
The first row in Table I, labeled Gwt, contains the ‘wild-
type’ (unperturbed) gene activities. We need to identify two 
important parameters in reconstructing GRN: (1) the 
unaffected genes and (2) the wild-type strain values. The 
problem arises when the required parameters are affected by 
noise.   

TABLE I. SAMPLE OF KNOCK-OUT DATA

The prediction is performed from the data features alone. 
Given an ordered pair of two genes (a,b), the algorithm 
should be able to predict whether a is a regulator of b. We 
use deletion data from diploid organisms that are further 
sub-divided into homozygous deletion/knock-out data and 

heterozygous deletion/knock-down data. For homozygous 
deletion, both copies of each gene in the set are deleted, i.e., 
“null mutant”. For heterozygous deletion, only one copy of 
each gene is deleted. This research is concerned with 
mapping the interactions between the genes and the 
resulting directionality. The edges are signed; a ‘+’ sign 
indicates that the interaction is enhancing and a ‘-’ sign 
indicates that the interaction is inhibitory. 

Considering the identified problems and datasets that 
will be used for network inference, normal distribution has 
been identified as one of the suitable methods to be applied 
in this research. The normal or Gaussian distribution models 
the random nature of the biological system and the 
measurement error [8]. We use the normal distribution or 
the Gaussian model because gene expression measurements 
can be regarded as random variables that are normally 
distributed. The codes are run in MATLAB. The following 
pseudocodes explain the proposed method in detail. 

Algorithm  Calculating p-values using Gaussian model for 
networks of size 10, which the structure is as shown in 
Table I.  Changes are to be made accordingly to infer other 
size of networks.  
Inputs Datasets of 5 sub-networks of E.coli and Yeast.����	��
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S-T. �& ! / V� U W/!� U � �*+X U #�
In Table I, each row corresponds to the gene being knocked 
out and each column corresponds to the gene of which the 
expression is measured. Based on Table I, the calculation of 
SD for G1 is: 

TABLE II. CALCULATION OF STANDARD DEVIATION

SD of G1 (SD1) = 

Y��Z / �[Z\]��: �^ � ��: / �[Z\]�: ^ $$$$^���_`Z / �[_\]�:����a
&�Y�b�bcd!be / b�!be3#3�: �^��b�3#fbgc / b�!be3#3�: ^��������������4

n = 1,2,3, ……….6 , m =number of the knock-out genes 

Note: Same method applied to other genes in the datasets. 

The main aim of this study is to identify whether deviation ��E� �\]h is merely due to noise. This can be known if we 
obtain the variance (i:� or SD (i�. The variance (i:� needs 
to be estimated from the data using data points that are not 
affected by the deleted genes. However, this poses two main 
problems.  First, the unaffected genes are unknown. Second, 
the wild-type strain that is needed for the calculation is also 
subjected to noise. The probability that the deviation is due 
to random chance only is W! / j�,�klmn koph,q  . 
The complement,  

r�T�� �& ! / #W! / V�,�(-E. (sBh,i �

& #Vt,�(-E. (sBh,i u / !
is a probability that the deviation is due to a regulation event 
[8]. 

Our first assumption is that the observed wild-type 
expression levels,��\], are almost at the same value as the 
actual wild-type expression levels, ��\] v ���\]h. There are 
two main values that must be obtained in order to calculate 
the probability of regulation r�T� : (1) current reference 
points, ��\] , and (2) variance ( i:� . In the algorithm 
previously explained, ��\]  and i:� are represented as 
variables named vMeans and esdAB, respectively. We apply 
iterative procedure to refine estimation of vMeans and 
esdAB. The SD calculation is used to determine the usual 
fluctuation of the expression of a gene, assuming it is not 
affected by the various knock-outs. Either Population SD or 
Sample SD can be used, as there is a small difference 
between the resulting values of these two types of SD. With 
95% degree of confidence, a p- value < 0.05 or z-score > 
1.96 is regarded as a potential regulation. The values that do 
not meet the condition are considered to be a non-
regulation, and those values will be used to re-estimate the 
variance of the Gaussian noise. The reason for choosing a 
large p-value of 0.05 is because the number of genes 

(greater than nine) used in this network is sufficiently large, 
and missing a small number of these gene pairs would not 
result in a large impact [8]. In addition, if more gene pairs 
are regarded as potential regulations, we would not miss the 
chance to identify the few real regulatory edges. The value 
of r�T� is calculated using the final estimate of ��\] and i:.

IV. RESULTS AND ANALYSIS

 Below, we summarize our prediction results and we 
discuss some interesting observations. We statistically 
evaluated predictions by computing p-values indicating the 
probability that random lists of edge predictions would be of 
the same or better quality. However, we are not sure if the 
prediction performance is truly significant or it is only better 
than random, by chance.  [2] has shown a methodology that 
addresses this uncertainty with ROC curves [1]. In this 
research, each of the five network predictions (E.coli1, 
E.coli2, Yeast1, Yeast2, Yeast3) are evaluated by area under 
the ROC curve (AUROC) metrics and complimented with 
area under the precision-recall curve (AUPR) metrics.  
These complementary assessments enable researchers to 
obtain valuable insights about the performance of the 
algorithm.  

Using both the AUPR and the AUROC metrics, we gain 
a fuller characterization of the prediction than would be 
possible if using either metric on its own. For example, the 
P-R curve indicates whether the first few edge predictions at 
the top of the prediction list are correct [4]. The ROC curve 
does not provide this information. For performance 
evaluation, we compare our predictions against the gold 
standard that represents the actual edges in the networks. 
The���is considered to have a relationship if r�T�> = 0.99.  

If the edge occurs in both the true and the predicted 
network, the prediction is called a true positive (TP); if the 
edge is predicted, but does not occur in the true network, it 
is called a false positive (FP); if the edge neither occurs in 
the true network nor in the predicted network, it is called a 
true negative (TN); and, if the edge occurs in the true 
network, but is not predicted, it is called a false negative 
(FN). 
 Once the TP, TN, FN, and FP events are counted, The 
True Positive Rate (TPR) and the False Positive Rate (FPR) 
are calculated as follows: 

AUPR is a single number that summarizes the precision-
recall tradeoff. Precision is a measure of fidelity, 

Recall is a measure of completeness, 
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Figure 1 and Figure 2 show AUPR and AUROC values for 
all sub-networks sizes 10 and 50, respectively. Both graphs 
and calculations are generated by GeneNetWeaver [6]. The 
higher the AUPR and AUROC values, the more significant 
the network prediction. The AUROC value will always be 
between 0 and 1.0. However, because random guessing 
produces the diagonal line between (0, 0) and (1, 1), which 
has an area of 0.5, no realistic classifier should have an 
AUROC less than 0.5 [1]. As evidenced by the experiment 
results shown in Figure 1, all the classifiers have AUROC 
values greater than 0.5.  However, the AUPR scores for both 
of the size 10 and 50 sub-networks are greatly reduced 
below 0.5 for the sub-networks of Yeast2 and Yeast3. The 
deviation between the AUPR and AUROC values of Yeast2
and Yeast3 of the size 50 sub-networks is large. 
Consequently, this indicates that while the overall prediction 
accuracy is acceptable, the predictions with the highest 
scores (r�T���are less accurate. The numbers of edges and 
regulators for Yeast 2 and Yeast 3 increase to almost double 
the numbers of edges and regulators for E.coli1, E.coli2, and 
Yeast1. In short, the prediction performance is reduced 
when the number of edges and regulators increases. Despite 
the reduced performance for some of the sub-networks, 
reasonable AUPR and AUROC values are achieved for 
E.coli1, E.coli2, and Yeast1 in both sizes (10 and 50) of the 
sub-networks. 

A. Comparison with the other method 
 We compare our performance predictions with [2], 
which uses mutual information (MI) and ordinary 
differential equation (ODE) methods to predict the same 
datasets as used in this research. The comparison of our 
predictions with [2] is shown in Table III. As shown, our 
predictions significantly outperform [2]; all of our AUROC 
and AUPR scores are higher than the scores found in [2]. 
Unlike our method, the performance of [2] seems to have no 
relation to the increase in the edges and the regulators of the 
networks; for example, the AUPR value for E.coli2- Size 10 
is the lowest, even the number of edges and regulators are 
considered small. Our method demonstrates a strong 
correlation between the prediction performance and network 
complexity. 

B. Integrating Knock-Out and Knock-Down 
We combine the predictions obtained from knock-out 

(KO) and knock-down (KD) data with the aim of increasing 
the number of true positives. First, we compare the r�T�
values resulting from the predictions using both KO and KD
data. The larger  r�T�  values are chosen as the final values 
and sorted in descending order for analysis using 
GeneNetWeaver. Using the size 10 sub-networks as an 

example, Table IV presents the number of correct 
predictions  

made by KO and KD data (separately and combined). 
The Actual Node Pairs column displays the total number 

of node pairs in the actual networks. The Correct column 
displays the total number of correct predictions and the 
Predicted column displays the number of predictions we 
made. We deliberately count the number of our predictions 
to show that a very large number of predictions were not 
required to discover the relationships; however, our 
prediction is designed to systematically achieve the desired 
results. From Table IV, we can see that KO data predict 
most of the correct predictions. Despite the perceptible roles 
played by the KO data in GRN reconstruction, KD data is 
still important, where, in certain cases, KD data discovers 
the edges that are not discovered by the KO data.  

C. Detecting Signed Edges 
 Network structures can be signed or unsigned. Unsigned 
networks are directed graphs without any information about 
the regulatory effect (enhancing or inhibitory) of the 
interactions. In signed networks, the regulatory effect of 
interactions is specified. The type of interaction is either 
enhancing/activation (+) or inhibitory (-) [6]. We identify 
the signs of the edges by assuming the sign represents 
activation if the gene expression data is higher than the 
estimated wild-type expression. If the gene expression data 
is lower than the estimated wild-type expression, the sign 
represents suppression. Table V shows the raw data (���),
estimated wild-type expression obtained from the program 
that simulates the algorithm, the deviation between ���  and 
vMeans, and the predicted signed edges. Table VI shows the 
prediction performance of the signed edges. As seen in 
Table VI, the proposed method shows a low performance in 
predicting signed edges for the Yeast2 and Yeast3 sub-
networks. 

We believe that there is a correlation between the edges 
prediction and the signed edges prediction.  If more edges 
are discovered, there is a high possibility for the signed 
edges to be predicted correctly. The consistently low 
performance that occurred in Yeast2 and Yeast3 for both the 
edges predictions and the signed edges predictions have 
triggered the need for further investigation; consequently, 
additional research needs to be performed to inspect the 
cause of the errors. 
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Figure 1. AUPR and AUROC Values of All Sub-networks Sizes-10 

Figure 2. AUPR and AUROC Values of All Sub-networks Sizes-50 

TABLE III . PERFORMANCE COMPARISONS

TABLE IV. PREDICTIONS USING KNOCK-OUT AND KNOCK-DOWN DATA
     Types of Data 
Sub-networks 
Size 10

Actual Node 
Pairs

Correct Predicted KO & 
KD

KO KD 

E.coli 1  11 5 10  8 11 8 
E.coli 2 15 10 19 10 14 10 
Yeast 1 10 9 11  3 9 4 
Yeast 2 25 8 12 9 14 14 
Yeast 3 22 8 16  5 9 11 

KO = knock-out, KD = knock-down

TABLE V : SIGNED EDGE PREDICTIONS
a b Estimated wild-type 

expression, vMeans
Gene expression data, kln

wxynz{ / kln� Signed edges 

G2 G1 0.0846 0.927082799 -0.84248 - 
G2 G3 0.0415 0.838367538 -0.79687 - 
G9 G5 0.8013 0.321789057 0.479511 + 

*** Due to space limitation, only 3 edge predictions are shown out of 90 edge predictions.

Madar, A., A. Greenfield, et al. (2010), Source of data: [2] and  [7] Our predictions
Sub-networks Size 10 AUPR      AUROC AUPR AUROC 
E.coli 1  0.408 0.816 0.713 0.952 
E.coli 2 0.272 0.658 0.646 0.861 
Yeast 1 0.317 0.853 0.904 0.964 
Yeast 2 0.439 0.639 0.492 0.672 
Yeast 3 0.327 0.600 0.431 0.608 
Sub-networks Size 50 AUPR AUROC AUPR AUROC 
E.coli 1  0.194 0.796 0.66 0.905 
E.coli 2 0.275 0.817 0.654 0.912 
Yeast 1 0.257 0.735 0.581 0.845 
Yeast 2 0.196 0.705 0.362 0.75 
Yeast 3 0.228 0.728 0.354 0.728 
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TABLE VI : SIGNED EDGE PREDICTIONS
Sub-networks 
Size 10

Actual Number of 
Activation (+) 

Correct Activation 
(+) 

Actual Number of 
Suppression (-) 

Correct 
Supression (-) 

Undetected 
Edges 

E.coli 1 4 1 7 4 6
E.coli 2 7 4 8 6  5 
Yeast 1 1 1 9 8 1
Yeast 2 14 7 11 1  17 
Yeast 3 8 2 14 6 14

***Undetected edges mean the number of edges that the proposed algorithm was unable to identify. 

Our first hypothesis is that the high number of 
regulators that exists in yeast caused the reduced 
predictions performance. The second hypothesis is 
whether the existence of many complex network motifs, 
such as fan-in with multiple gene inputs, cascade, and 
feed-forward-loops that exist in Yeast2 and Yeast3, affects 
the performance. The experiments that assess the stated 
hypotheses will be covered in our future research studies.  

V. DISCUSSION 
 From our findings, predictions using knock-out data 
predict most of the correct predictions. The regulation 
signals are found to be less clear in the knock-down case 
because deleting only one copy of a regulator gene may 
induce only a mild effect on its targets [8], [2]. Deletion 
data are good for detecting simple and direct regulatory 
events. The deletion data may not be sufficient for 
decoding more complicated regulatory processes.  Detail 
network motif analysis may need to be conducted to 
prove the claim. The network motif analysis often reveals 
systematic prediction errors, thereby indicating potential 
ways to improve network reconstruction. Another 
remarkable finding is that the performance of this 
proposed network-inference method is strongly dependent 
on the properties of the network that is being inferred. 
Hence, we suggest that a single method is unable to fit all 
types of data features. Clearly, no method is a one-size-
fits-all in the world of systems biology [5]. A significant 
finding is also achieved with regard to the computational 
cost. Using a regular processor (processor 1.80 GHz and 4 
GB RAM), our predictions for size 10 and size 50 
networks took about 5.3 seconds and 6 minutes, 
respectively. We have shown that our method can 
reconstruct networks with a wide range of network types, 
connectivity, and noise levels with a reasonable error rate. 
We now discuss some limitations of our methodology. As 
evidenced by the experiment, the proposed method was 
reduced as the number of genes and regulators increased. 
This means that our method must be improved in order to 
deal with the increasing complexity level of the GRNs. As 
for the performance evaluation, future work should 
average ROC and P-R curves as this can show the overall 
performance of the method. We believe our signed edges 
predictions may be improved if more relationships 
between genes are discovered. From this work, we 
identify a few unresolved issues that are worth exploring. 
First, it would be useful to incorporate one additional 

different data feature, such as perturbation time series 
data. The objective for incorporating such an additional 
feature would be to improve the performance of the 
proposed method until it is able to provide the highest 
quality results. High benchmarks must be set for 
evaluating the prediction performance because it is likely 
that methods that do not fare well in these high 
benchmarks might fare even worse with real biological 
networks. 

VI. CONCLUSION 
 In summary, the goal of this research was to develop 
an algorithm for GRN reconstruction using heterozygous 
(knock-out) and homozygous (knock-down) deletion data 
that are affected by non-systematic noise. The Gaussian 
noise model was applied to model the randomness of the 
noise data. Each predicted network was evaluated using 
AUROC and AUPR. We conducted a detailed analysis to 
assess certain algorithm achievements, such as the ability 
to predict the signed edges. We also compared our 
method with one other method that used similar datasets. 
All our AUPR and AUROC values are higher than the 
compared method; consequently, this suggests that our 
method is better than the compared method. Predictions 
using knock-out data contributed the most to the method’s 
performance. Despite the limitations, our method has 
some worthy advantages. We can reconstruct a wide 
variety of network sizes and topologies with a reasonable 
number of errors. Another conclusion of this study is that 
the performance of current network-inference methods is 
strongly dependent on the properties of the network that is 
being inferred. This means that the overall performance of 
the inference methods should be considered with caution, 
as the performance may vary in networks with different 
properties. We believe that a better understanding of the 
capabilities and limitations of existing inference methods 
will realize the development of an accurate algorithm for 
high-throughput gene network inference. One direction 
toward strengthening and expanding the conclusions of 
this research consists in investigating our framework’s 
response with respect to increasing network sizes and 
noise levels, and to refine the model further for solving 
the network motif prediction problem. While our method 
only provides qualitative information on the connections, 
we believe that this work will be useful to biologists, even 
if it contains some errors. A mostly correct set of 
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connections could provide a valuable first step in 
reconstructing complex biological interactions. 
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